Abstract: Suspended particulate matter (SPM) concentrations ([SPM]) in the Yangtze estuary, which has third-order bifurcations and four outlets, exhibit large spatial and temporal variations. Studying the characteristics of these variations in [SPM] is important for understanding sediment transport and pollutant diffusion in the estuary as well as for the construction of port and estuarine engineering structures. The 1-h revisit frequency of the Geostationary Ocean Color Imager (GOCI) sensor and the 30-m spatial resolution of the Landsat 8 Operational Land Imager (L8/OLI) provide a new opportunity to study the large spatial and temporal variations in the [SPM] in the Yangtze estuary. In this study, [SPM] images with a temporal resolution of 1 h and a spatial resolution of 30 m are generated through the product-level fusion of [SPM] data derived from L8/OLI and GOCI images using the Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM). The results show that the details and accuracy of the spatial and temporal variations are maintained well in the [SPM] images that are predicted based on the fused images. Compared to the [SPM] observations at fixed field stations, the mean relative error (MRE) of the predicted SPM is 17.7%, which is lower than that of the GOCI-derived [SPM] (27.5%). In addition, thanks to the derived high-resolution [SPM] with high spatiotemporal dynamic changes, both natural phenomena (dynamic variation of the maximum turbid zone) and human engineering changes leading to the dynamic variability of SPM in the channel are observed.
Introduction
Estuaries are the interfaces of land-sea interactions, areas of intensive human activity, and the "sources" and "sinks" of material fluxes in oceans and river basins [1] . [SPM] in estuaries are important parameters for analyzing the variations in substrate erosion and deposition and estimating material fluxes from the rivers to the seas and marine environments [2, 3] . With an annual mean runoff volume of 9.051 × 10 9 m 3 , the Yangtze River is the largest river in China and the third largest in the world [4] . The Yangtze estuary is a multi-order bifurcation, island-type dynamic estuary with a moderate tidal range and a complex estuarine delta landform [5] . Due to the differences in the flow diversion ratio, tidal current, and channel boundary, there are substantial spatial and temporal variations in the distribution of [SPM] between the channels [6, 7] . Several studies have shown that recent variations in the amounts of water and sediment flowing into the Yangtze River Basin have exerted a relatively significant impact on the water-sediment environment, the sea-bound waterways, and the evolution and North Channel. The South Channel is then divided by the Jiuduansha Shoals into the South Harbor and the North Harbor. As a result, the Yangtze estuary has third-order bifurcations with four outlets (Figure 1 ). The spatial distribution of the [SPM] varies substantially between the channels within the estuary. The surface [SPM] generally increase from the South Branch to the largest turbid zone in the estuary. High [SPM] occur in the South and North Channels and in the largest turbid zone in the North Branch. The [SPM] in the south branch are the lowest, followed by those in the South and North Harbors [5] . Based on hydrological measurements, the multi-year mean [SPM] in the north branch is 0.53 g L −1 during the flood season and 1.09 g L −1 during the dry season. In comparison, the multi-year mean [SPM] in the south branch is approximately 0.23 g L −1 during the flood season and only approximately 0.1 g L −1 during the dry season [5] . The multi-year mean [SPM] in the North Branch is approximately twice that in the South Branch during the flood season and more than 10 times that in the South Branch during the dry season [5, 6] . In recent years, there has been a sharp decrease in the amount of sediment flowing into the Yangtze River Basin and a decrease in the [SPM] in the channels of the South Branch [5, 6] . However, as the intensity of dynamic land-sea interactions changes, the [SPM] in the mouth bar area have been increasing gradually. The in the other channels exhibit different variations due to the combined effects of sediment flowing into the river basin and resuspension [5, 6, 23, 24] . As a result of the seasonal variations in the amounts of water and sediment flowing into the Yangtze River Basin, the in the estuary of the Yangtze River exhibit notable periodic variations between the flood and dry seasons. In addition, the tidal current has a relatively important impact on the Yangtze estuary. Because the spring tide velocities are much greater than the neap tide velocities, the mean is higher during the spring tides than during the neap tides. As a result of considerable variations in the flood and ebb tides in the Yangtze estuary, the [SPM] in the waters also exhibit notable tidal periodic variations [5, 24] .
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In 2010, South Korea launched the world's first geostationary orbit ocean color sensor, GOCI [25] . The observation range of GOCI is 2500 km × 2500 km, which covers the Yangtze estuary, China's Bohai Sea, the Yellow Sea, the East China Sea, and other waters. The GOCI's spectral range covers the visible to near-infrared (NIR) range with eight wavebands centered at 412 nm, 443 nm, 490 nm, 555 nm, 660 nm, 680 nm, 745 nm, and 865 nm. The relative spectral response (RSR) curves for the eight wavebands are shown as solid lines in Figure 2 . The GOCI has a spatial resolution of 500 m and is located in a geosynchronous orbit approximately 35,786 km above the equator. The GOCI collects one image every other hour between 08:00 and 15:00 h (Beijing time; all times in this study are in Beijing time) daily.
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The OBS collects NTU data every other 15 s. To match the image, we selected the average of the measurements during the scan time of each image as the station measurement. For example, the first GOCI image was acquired from approximately 00:16 (UTC) to 00:45 h (UTC). Therefore, we selected the average of the measured station data between 00:16 (UTC) and 00:45 h (UTC) as the image-matching measurement. In addition, the median of the L8/OLI-estimated SPM was calculated in a 3 × 3 pixel window as the image-matching measurement. A detailed description of the relationship between NTU and [SPM] and the method of building match-ups can be found in Pan et al. [35] .
Methodology

Atmospheric Correction of L8/OLI and GOCI Images
The key point of the atmospheric correction of satellite imagery is to estimate the reflectance of aerosols, which is mainly determined by the aerosol type and the aerosol optical depth (AOD). Due to the invalid assumption of dark pixels in extremely turbid waters and the impact of absorbing aerosols, estimating the aerosol type and AOD using well-known algorithms, such as iterative-based algorithms, is difficult. For the extremely turbid waters in the Yangtze estuary, Pan et al. [35] proposed the Enhanced Spectral Optimization Algorithm (ESOA) based on a coupled aerosol-water model. The coupled model combines an Aerosol Robotic Network (AERONET)-based aerosol model and a simple semi-empirical radiative transfer (SERT) model [36] . The coupled model includes four unknown parameters: the relative humidity (RH), fine-mode fraction (FMF), AOD in the NIR wavelength τ a (865) and [SPM] . The RH and FMF represent the aerosol type, whereas the SPM determines the remote sensing reflectance spectrum. The four unknown parameters are estimated by a global optimization approach based on a genetic algorithm (GA) without any initial inputs. Because GAs are very time consuming, a spatially homogenous aerosol type is assumed for the operational processing of satellite imagery, and the satellite imagery is corrected in two steps:
1.
The aerosol type and τ a (865) are estimated from a cloud-free and turbid pixel based on the global optimization algorithm, GA.
2.
By assuming a spatially homogenous aerosol type, the unknowns in the coupled model are reduced to two (τ a (865) and SPM). These two unknowns are then optimized pixel by pixel using the fast optimization algorithm Levenberg-Marquardt (LM) with the initial inputs estimated by
Step 1.
This algorithm is imbedded in the Level-2 generator (l2gen) program in the Sea-viewing Wide Field-of-View Sensor Data Analysis System (SeaDAS) software; therefore, the calculations of the Rayleigh scattering, aerosol scattering, white cap, glint, bi-directional reflectance distribution function (BRDF) correction factor and other terms included in the atmospheric correction procedure are completely based on l2gen. For detailed calculations of these terms, see Mobley's description [37] . The validation with match-ups in the Yangtze estuary and the comparison with the GOCI data processing system (GDPS) suggested that ESOA is an alternative operational tool for the atmospheric correction of satellite images over highly turbid waters [35] . In this study, the aerosol type and τ a (865) of the GOCI imagery are estimated using the ESOA algorithm.
For L8/OLI data, Vanhellemont et al. [33, 38] reported an effective method for the atmospheric correction of high-turbidity nearshore waters using two SWIR bands (1609 nm and 2201 nm). This method was implemented in a software suite called ACOLITE, which is available on the Royal Belgian Institute of Natural Sciences (RBINS) website (https://odnature.naturalsciences.be/remsem/ software-and-data/acolite). We processed L8/OLI images using ACOLITE (v 20160120.0) and found that there were a large number of negative values of R rs , which indicates that the SWIR-based atmospheric correction algorithm may produce large errors over the optically complex water bodies with high turbidity in the Yangtze estuary.
The L8/OLI images used in this study were acquired at 10:30 h, which is nearly the same time as the third daily scene of GOCI images (acquired at 10:30); thus, it is reasonable to assume that the two images share the same spatial distributions of aerosol type and AOD. Based on this assumption, it is not necessary to estimate the aerosol parameters for L8/OLI again, so we corrected the L8/OLI L1B images using the RH, FMF, and τ a (865) derived from the GOCI images (10:30) to the l2gen program directly. The original l2gen program cannot correct images with fixed RH, FMF, and aerosol optical thickness (AOT) values as input parameters; therefore, we extend the l2gen by programming. The OLI images are then processed using the extended l2gen program.
SPM Retrieval of GOCI and L8/OLI
In this study, a semi-empirical model called SERT was used to retrieve [SPM] from GOCI and L8/OLI data. The SERT model builds the relationship between the remote sensing reflectance R rs and [SPM] based on a two-stream approximation radiative transfer model [36] . The forward form of SERT is as follows:
where α and β are wavelength-dependent coefficients, which can be recalibrated and optimized by in situ simultaneous measurements of R rs and the [SPM] . The inversion form is as follows:
In this study, α and β were calibrated using in situ measurements from the Yangtze estuarine and coastal waters from 2013 to 2015. Radiometric measurements were recorded by the Hyperspectral Surface Acquisition System (HyperSAS, Satlantic Inc., Halifax, Nova Scotia, Canada) and consist of the sea-surface radiance (L t ), sky radiance (L i ) and solar irradiance (E s ) from 350 to 900 nm in 136 spectral channels. Details about the sensors' mounting and observation geometries can be found in Shen et al. [36, 39] . R rs was calculated by [40, 41] :
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where ρ is the sea surface reflectance factor, which is correlated to the solar zenith angle and surface roughness. Additional details about the R rs calculation can be found in Sokoletsky and Shen [42] . The [SPM] were determined gravimetrically by filtering the surface water samples on 0.7-µm Whatman GF/F glass fiber filters. The blank and sample-filled filters were rinsed with Milli-Q water to remove salts, dried and then reweighed on a high-precision balance in the laboratory. After performing quality control, 66 R rs -SPM data pairs collected on cruises between 2013 and 2015 were available (for a detailed description of the R rs -SPM data pairs, see Shang et al. [43] ). The parameters α and β were fitted from the R rs -SPM data pairs using least squares regression. Table 2 lists the values of α and β at the central wavelengths of the GOCI and L8/OLI bands. Because the longest wavelength of R rs is measured at 858 nm, the values of α and β in Table 2 at 865 nm are approximated at 858 nm. Figure 3 shows the R rs (λ) spectrum at the central wavelength of GOCI bands calculated by the SERT model.
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The Spatial and Temporal Fusion Model STARFM
The STARFM algorithm was proposed by Gao et al. [17] . The algorithm is based on the premise that both coarse-and fine-resolution imagery observe the same object and are biased by a constant error. This error depends on the characteristics of a pixel and is systematic over short temporal intervals. Therefore, if a base coarse-fine image pair is available at the same time, this error can be calculated for each pixel in the image. These errors can then be applied to the coarse-resolution imagery of a predicted time to obtain fine-resolution imagery like the prediction image of that time. By introducing additional information from neighboring pixels, the STARFM model predicts the value of the central pixel with the fine-resolution imagery at the prediction time using a moving window and weighting functions. The STARFM model has been used in several applications, such as in detecting land-cover change by blending MODIS and Landsat surface reflectances [17, 45] and generating daily land surface temperatures at the Landsat resolution by fusing Landsat and MODIS data [46] ; however, it has not been applied to water. In this study, we apply it to predict the hourly [SPM] at a spatial resolution of 30 m by blending L8/OLI-and GOCI-derived [SPM] . Generally, there are two main differences between land and water when blending satellite imagery: the dynamic variation of water, especially in estuarine areas, is greater than that of land cover, and land cover images may have mutations, such as from forest to plowed areas, whereas water areas are always continuous. The STARFM model has been shown to be capable of capturing changes in patterns by searching similar pixels in the moving window [17, 45] . In this study, although [SPM] and its spatial distribution patterns in the Yangtze estuary change hourly, it is easy for STARFM to search similar pixels in a certain window size. Therefore, it is reasonable to apply the STARFM model to SPM prediction in the Yangtze estuary.
In this case, the coarse-and fine-resolution images are of [SPM] derived from GOCI and L8/OLI data, respectively. The fusion algorithm is expressed as follows:
where w is the size of the moving window, x w/2 and y w/2 are the coordinates of the center pixels in the moving window, [SPM] OLI (x w/2 , y w/2 , T 2 ) refers to the predicted SPM pixel value derived
from the L8/OLI and GOCI data, respectively, at position (i, j) in the moving window at time
represents the SPM pixel value derived from the GOCI data at time T 2 , W ij is the weight of the pixel at position (i, j) in the window, which determines the contribution of the pixel at (i, j) to the predicted central pixel, and W ij is related to three distances: the spectral distance, spatial distance and temporal distance (for a detailed calculation of the weights, see Gao et al. [1] ). The moving window size w influences the prediction. To capture the changes of small objects (SPM distribution patterns), one can increase the size w. In this study, w is set to 1500 m, which is 3 × 3 GOCI pixels (500-m resolution) or 50 × 50 L8/OLI pixels (30-m resolution). The STARFM source code can be freely downloaded from the US Department of Agriculture (USDA) Agricultural Research Service (ARS) official website (https://iapreview.ars.usda.gov/services/software/download.htm).
The Fusion Procedure
This study aims to predict daily and GOCI images of eight scenes for each day. Figure 4 shows the [SPM] image fusion procedure. The specific steps are as follows:
The GOCI L1B TOA radiance images are processed using the ESOA method to estimate the aerosol and atmospheric corrections. The aerosol parameters (RH, FMF, and τ a (865)) and R rs in each GOCI image are thus obtained.
2.
The L8/OLI L1B TOA radiance images are processed for atmospheric correction by extending the l2gen program with the aerosol parameters derived from the GOCI images (10:30 h) as the input parameters. Before correcting the L8/OLI images, the τ a (865) images derived from the GOCI images (10:30 h) are resampled to the resolution of L8/OLI and registered. 3.
The [SPM] are estimated based on R rs using a SERT-based model for deriving [SPM] . In Figure 4 , 
Data Analysis
The mean relative error (MRE) is used to quantitatively evaluate the goodness-of-fit of the derived and measured [SPM] . The MRE is calculated as follows:
where n refers to the number of samples, i refers to the ith sample, and Vretrieved and Vinsitu are the retrieved and true values, respectively.
Results
Rrs and [SPM] Derived from GOCI and L8/OLI
The GOCI and L8/OLI L1B images in this study were all processed using the method described 
Data Analysis
where n refers to the number of samples, i refers to the ith sample, and V retrieved and V insitu are the retrieved and true values, respectively.
Results
R rs and [SPM] Derived from GOCI and L8/OLI
The GOCI and L8/OLI L1B images in this study were all processed using the method described in Sections 3.1 and 3.2, and images of R rs and [SPM] were obtained. Here, the images at 10:30 hon August 29 are used as an example for the analysis. 
Results of Fusion and Prediction
[SPM] images at the L8/OLI resolution were predicted using the method described in Section 3. 
Discussion
Error Sources and Limitations
If the TOA radiances of the two sensors (L8/OLI and GOCI) are assumed to be well calibrated, the errors of the predicted and derived SPM mainly come from the following three sources: the atmospheric correction, the retrieval algorithm of the SPM, and the temporal and spatial fusion algorithm STARFM.
The SPM is retrieved by the semi-experimental model SERT, which neglects the variations of the chlorophyll-a concentration ([Chl-a]) and colored dissolved organic matter (CDOM); this may cause 
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Discussion
Error Sources and Limitations
The SPM is retrieved by the semi-experimental model SERT, which neglects the variations of the chlorophyll-a concentration ([Chl-a]) and colored dissolved organic matter (CDOM); this may cause errors in the derived SPM. According to Pan et al. [35] , the errors decrease as the [SPM] increases. When the [SPM] reaches 0.5 g L −1 , the errors in the derived SPM caused by the variations of Chl-a and CDOM will not exceed 10%. In this study, the three bands used to retrieve the SPM are very close; the maximum difference between the wavelengths is not more than 6 nm, which suggests that the difference between the retrieved [SPM] GOCI and [SPM] OLI values mainly comes from the atmospheric correction.
In this study, the aerosol type and AOD are estimated by ESOA. The coupled model in ESOA is based on the AERONET-based aerosol model and the SERT model. Although the AERONET-based aerosol model contains several aerosol types, including heavily absorbing aerosols, no AERONET stations are located in the Yangtze estuary; therefore, whether the aerosol types in the study area are included in the AERONET-based aerosol model is still unknown. Furthermore, the SERT model assumes that the R rs spectrum is completely determined by the [SPM]; CDOM and chlorophyll are assumed to be constant. Although the errors in R rs (λ > 550 nm) caused by the variations of CDOM and [Chl-a] are not more than 30% [35] , the errors exist. The aerosol type and AOT derived from ESOA may produce some errors. However, because the GOCI images (10:30) and L8/OLI (10:30) images use the same aerosol parameters for the atmospheric correction, the errors in the derived aerosol parameters will not produce large differences between the GOCI-and L8/OLI-derived R rs values. In addition to aerosol estimation, the other terms involved in the atmospheric correction procedure implemented in l2gen may also produce errors. For example, the calculation of the BRDF correction factor in the current version of l2gen is still based on Case 1 waters, and the NIR water-leaving radiance is assumed to be 0 [37] . Therefore, the value of the BRDF correction factor is 0 at wavelengths of 745 nm and 865 nm in the GOCI images and at the wavelength of 865 nm in the L8/OLI images. This algorithm will generate errors when it is used in the Yangtze estuary. All of these errors may produce errors in the derived R rs values and contribute to the differences between the R rs values retrieved from L8/OLI and GOCI in the study area. However, the main reason is still unknown, and how to eliminate the difference remains a problem.
The STARFM model is used to blend the [SPM] GOCI and [SPM] OLI images, which have spatial resolutions of 500 m and 30 m, respectively. As we discussed previously, it is reasonable to use the STARFM model for waters, even highly dynamic waters. This study has provided several positive results. However, the STARFM model has several potential limitations. If the changes are too subtle to be detected by the GOCI observations, this algorithm will not be able to predict any changes when synthesizing the fine resolution imagery. Furthermore, there may be situations in which the STARFM algorithm cannot detect changes, such as when two contradicting changes occur simultaneously within a coarse-resolution pixel and compensate for each other. In addition, only one pair of L8/OLI-and GOCI-derived SPM images is used as the base imagery pair in this study. Although it is capable of capturing the changes in the SPM distribution patterns to some extent, the prediction will be improved if more than one image pair is used. Furthermore, the STARFM algorithm neglects geolocation errors, which always exist. For example, the registration of two images observed by different sensors will produce geolocations errors. These errors will affect the predictions.
The Spatiotemporal Variations of [SPM]
As was shown in Figure 9 that the spatial heterogeneity of the predicted [SPM] OLI distribution was relatively higher than that of [SPM] GOCI , especially in the maximum turbidity zone of the Yangtze Estuary. It was found in Figure 11 that the spatial variation of [SPM] in the east of 122.4 • N was relatively weak, which was in accordance with the observed results of [SPM] GOCI . This phenomenon was dominated by the marine water mass in the offshore of the Yangtze Estuary and less sediment discharge from the Yangtze River [47] . At the same time, the predicted [SPM] OLI in the west of 121.7 • N was basically consistent with [SPM] GOCI , which was slightly higher than that in the east of 122.4 • N since it is mainly controlled by the river runoff and sediment discharge in the upper reaches of the Yangtze River [44, 48] . The section from 121.7 • N to 122.4 • N is located in the maximum turbidity zone of the Yangtze Estuary, with the highest [SPM] and relatively large spatiotemporal variations. It results from the intense interaction between the river runoff and tidal currents in the maximum turbidity zone of the Yangtze Estuary that leads to resuspension of bottom sediments [49] . The exchange of materials and waters between the channels and tidal flats was strong under complex hydrodynamic conditions [48, 50] . This implies a need for the observation with both of the high spatial and temporal resolution data. Obviously, the predicted [SPM] OLI can reflect the dramatic temporal and spatial changes in the natural state of the Yangtze Estuary. However, GOCI observation at the spatial resolution of 500 m cannot depict the details of [SPM] spatial distribution.
Furthermore, the predicted [SPM] OLI image can also show the profound impact of the construction of the Deep Waterway Project (DWP) on the [SPM] spatial and temporal distribution. To illustrate this point, we added a section line to the DWP in the North Passage in Figure 7d (see black dotted line). It was shown in Figure 7d that the [SPM] presented a remarkable strip along the DWP dams' direction. The obvious edges of its transition were the locations of the DWP jetties [51, 52] , which were also located in the spikes labeled by I, II and III in Figure 7d . From the view of the cross-section shown in Figure 14 turbidity zone of the Yangtze Estuary that leads to resuspension of bottom sediments [49] . The exchange of materials and waters between the channels and tidal flats was strong under complex hydrodynamic conditions [48, 50] . This implies a need for the observation with both of the high spatial and temporal resolution data. Obviously, the predicted To illustrate this point, we added a section line to the DWP in the North Passage in Figure 7d (see black dotted line). It was shown in Figure 7d that the [SPM] presented a remarkable strip along the DWP dams' direction. The obvious edges of its transition were the locations of the DWP jetties [51, 52] , which were also located in the spikes labeled by I, II and III in Figure 7d . From the view of the crosssection shown in Figure 14 
Conclusions
The Yangtze estuarine and coastal waters are marked by a complex hydrodynamic environment and frequent variations in the spatial and temporal distributions of the [SPM] . The study of the dynamic variations in the spatial and temporal distributions of the [SPM] in the Yangtze estuary using a single satellite sensor, such as a geostationary orbit sensor (e.g., the GOCI) or a high-spatialresolution sensor (e.g., the L8/OLI), will be limited by deficiencies in the observation frequency and 
The Yangtze estuarine and coastal waters are marked by a complex hydrodynamic environment and frequent variations in the spatial and temporal distributions of the [SPM] . The study of the dynamic variations in the spatial and temporal distributions of the [SPM] in the Yangtze estuary using a single satellite sensor, such as a geostationary orbit sensor (e.g., the GOCI) or a high-spatial-resolution sensor (e.g., the L8/OLI), will be limited by deficiencies in the observation frequency and spatial resolution of the satellite. In this study, [SPM] images with both the high temporal resolution provided by the GOCI and the high spatial resolution provided by the L8/OLI were generated using the classical STARFM model from a product-level fusion perspective. The results show that the predicted [SPM] images are capable of showing the spatial details of [SPM] in the estuary with hourly temporal variations. In addition, the [SPM] predicted from the fused images exhibit higher accuracy.
More importantly, thanks to the derived high-resolution [SPM] images with high spatiotemporal dynamic changes, both natural phenomena (dynamic variation of the maximum turbid zone) and human engineering changes leading to the dynamic variability of SPM in the channel, are observed. This provides a new opportunity to study the spatial and temporal variations in [SPM] in estuaries, particularly at the channel level, without the need to increase the spatial and temporal resolutions of the sensors. However, imperfect atmospheric corrections greatly increase the uncertainty of the predicted [SPM] . Therefore, further research is required to address the inconsistency in the atmospheric corrections of various sensors, particularly polar and geostationary orbit satellite sensors.
